Abstract Most current brain metabolic models are not capable of taking into account the dynamic isotopomer information available from fine structure multiplets in 13 C spectra, due to the difficulty of implementing such models. Here we present a new approach that allows automatic implementation of multi-compartment metabolic models capable of fitting any number of 13 C isotopomer curves in the brain. The new automated approach also makes it possible to quickly modify and test new models to best describe the experimental data. We demonstrate the power of the new approach by testing the effect of adding separate pyruvate pools in astrocytes and neurons, and adding a vesicular neuronal glutamate pool. Including both changes reduced the global fit residual by half and pointed to dilution of label prior to entry into the astrocytic TCA cycle as the main source of glutamine dilution. The glutamate-glutamine cycle rate was particularly sensitive to changes in the model.
Introduction
Metabolic modeling of 13 C labeling curves during infusion of 13 C-labeled substrates allows determination of metabolic rates in the brain [1, 2] . In recent years, it became possible to measure not only total enrichment curves at individual carbon positions (e.g. C2, C3, C4 of glutamate), but also labeling curves for individual isotopomers, which appear as fine structure multiplets in 13 C spectra [3] [4] [5] [6] . This additional information can potentially be used to improve the accuracy and precision of fitted metabolic rates [7] . In addition, it is more likely to reveal discrepancies between the data and the best fits, and the metabolic model can then be improved in order to better match the experimental data.
However, implementation of a metabolic model capable of fitting the additional isotopomer curves remains a challenge. Even using compact formulations such as bonded cumomers [7] , metabolic models still consist in hundreds of variables and coupled differential equations. Not only is a human operator likely to introduce errors in such a large system of equations, but also the time required to manually write the equations makes it impossible to easily modify the biochemical network by introducing new metabolites or reactions. This prevents fast implementation and testing of small changes in the metabolic network, such as adding metabolic pools or reactions to better explain the data. Therefore, an automated approach is greatly needed.
A number of approaches have been proposed to automatically determine metabolic fluxes from the distribution of 13 C isotopomers without having to manually write the equations [8] [9] [10] [11] [12] . These approaches are based on the description of elementary reactions, in terms of atom distribution matrix ADM or equivalents [8] [9] [10] , or other [11, 12] , which were used to numerically build the system of equations and solve it. To the best of our knowledge, only one previous study reported the derivation of analytical equations for isotopomers [13] , but this was achieved for the steady-state (not dynamic) isotopomer balance, and using the symbolic toolbox of Matlab. None of the abovementioned approaches, however, can be readily used to fit in vivo brain 13 C isotopomer time courses. In the present work, we introduce an algorithm allowing the automatic writing of cumomer differential equations and of the associated cost functions used to fit experimental data. Equations are written in text format, with the names of variables appearing explicitly, thus making them easy to read for a human operator. Moreover, the system of equations is automatically simplified by taking into account the specific substrate being infused and the specific metabolites being measured in order to retain only the minimum number of variables and equations necessary to fit the data.
We demonstrate the usefulness of the new method by fitting a large number of dynamic 13 C isotopomer curves in the brain with various two-compartment neuronal-glial models. The new method permits quick changes in the metabolic network (in a matter of minutes) and assessment of the impact of these changes on the fit quality and the values of fitted metabolic rates.
Biochemical Network Analysis and Generation of the Differential Equations Representation of Biochemical Network
A biochemical network is composed of the metabolites involved in the network, and of the biochemical reactions between these metabolites. The network is connected to the ''outside'' by some influxes and effluxes.
Metabolites and Cumomers
By definition, a cumulative isotopomer fraction (or cumomer fraction) for metabolite M, noted p M{i} , (where {i} is a set of integers i 1 , i 2 ,…,i n , indicating carbon positions), is the sum of isotopomer fractions for all isotopomers labeled at least at positions i 1 , i 2 ,…,i n , whatever the label at other positions. The size n of the set {i} is the ''order'' of the cumomer [7] .
The representation of a metabolite consists in its name and its carbon chain numeration. Then, a cumomer for this metabolite can be represented by a vector of integers, where the vector components represent the carbon positions being labeled. Cumomers of order n [ 3 are not considered since they do not contribute to the in vivo 13 C spectra fine structure detectable in practice [7] , so that only one, two or three integers define a cumomer.
An important situation is the invariance of a metabolite stereostructure by a rotation or a succession of rotations, which leads to label scrambling. This is for example the case for succinate in TCA cycle. It is therefore crucial to systematically represent such invariance and to determine how label is scrambled. Briefly, the symmetry of the stereostructure creates equivalence between some cumomers, which can accordingly be regrouped in sets of equivalent cumomers [7] . A single cumomer can then be chosen within each set to represent all equivalent cumomers of this set.
Biochemical Reactions
A biochemical reaction can be represented by a name, a flux value, the input metabolites (reactants) and output metabolites (products), and an atom distribution matrix (ADM) characterizing the biochemical reactions of the network [7, 14, 15] . The ADM describes how carbons are transferred between reactants and products. It lists the carbon positions for the reactants along its first dimension (rows), while it lists the carbon positions for products along its second dimension (columns), with coefficients 1 in the ADM indicating how the corresponding reactant's carbon nucleus is transferred to the products.
Connection Between the Network and the ''Outside'': Influxes and Effluxes
Some metabolic pools in the network are connected to metabolic pools outside the network, which has to be taken into account by the model. Let's consider a metabolite A inside the network, and the same metabolite A O outside the network (for example, A can be the pool of cerebral glucose or lactate, and A O can be the pool of plasma glucose or lactate). An influx from A O to A at the rate V in results in the synthesis of the cumomers p A{k} at the rate [A] 9 (dp A{k} )/dt = V in 9 p AO{k} where {k} is a set of integers indicating carbon positions. Hence an influx is characterized by the flux V in and the values of the cumomer fractions for A O . If the carbon chain of A O is exactly labeled at positions {l} = {l 1 , l 2 ,…,l M }, and {i} is the subset of {k} included in {l}, while the remaining p elements of {k} are not included in {l}, then p AO{k}= p AO{i} 9 0.011 p , due to the fact that natural abundance labeling (1.1 %) can occur on the p carbons not specifically labeled. For example, assuming an infusion of [1, [6] [7] [8] [9] [10] [11] [12] [13] C 2 ]glucose so that the glucose plasma (GLCpl) is enriched at 66 %, then for 1st order plasma glucose cumomers: In contrast, an efflux from a metabolite B (at rate V eff ) is a much simpler case: V eff contribute to the decrease of p B{k} according to the rate [B] 9 (dp B{k} )/dt = -V eff 9 p B{k} , which is independent of a corresponding pool outside the network.
General Algorithm for Automatic Generation of Equations
The aim of the algorithm is to identify all sources of label inputs and outputs for all cumomers (see Fig. 1 for a flowchart of the algorithm). The basic structure is the following: for all metabolites M and all p-functions (with order n B 3), all reactions of the network are looked through (note that if the metabolite is symmetric, only pfunctions representing sets of equivalents are considered):
-If the current reaction produces the considered metabolite M, the ADM is used to determine all the metabolites and associated p-functions required to produce the current p-function (and all its equivalents in the case of symmetric metabolites). The determination of source cumomers is done by looking, for each column of the ADM corresponding to the indices of the current p-function, the rows having non-zero terms. The position of these rows in the ADM yields the label sources and the corresponding cumomers, which contribute to the overall input at a rate V reac , where V reac is the current reaction flux. For cumomers of order higher than 1, the input function determined by the ADM can be a product of cumomers. For a produced cumomer of 2nd order, if the two rows in the ADM representing the source of label stand for the pth and qth carbons of a single metabolite S1, then the input term is V reac 9 p S1pq . Otherwise, the rows must belong to two different source metabolites S1 (pth carbon) and S2 (qth carbon), and the input term is V reac 9 p S1p 9 p S2q . For a cumomer of 3rd order, one can similarly have input terms of the form V reac 9 p S1pqr , V reac 9 p S1pq 9 p S2r , or V reac 9 p S1p 9 p S2q 9 p S3r . Note that, if the produced metabolite M has symmetry of order N, the above input terms have to be divided by N [7] . Conversely, if one of the source metabolites S1, S2,… is symmetric, its cumomers have to be replaced by the equivalent cumomers representing them. -If the current reaction uses M as a reactant, then the current reaction contributes to the overall efflux out of the current cumomer at the rate V reac .
Once all the network reactions have been examined, the effluxes and influxes between the network and the outside are considered as described in ''Representation of Biochemical Network'' section.
Writing the set of differential equations is then done sequentially for each metabolite and each cumomer by concatenation of character strings.
Reducing the Cumomer Network for 13 C NMR Modeling
The algorithm presented above allows the determination of labeling time courses for all cumomers in the biochemical network. However, in the context of NMR spectroscopy, where only a few metabolites are detected and where label is injected in the network via a given set of substrates (for example [1,6- 13 C]glucose), some cumomers do not need to be taken into account. One can consider two different kinds of cumomers that do not need to be simulated: -Cumomers that remain constant (i.e. equal to 0.011 n , where n is the order of the cumomer) throughout time, considering the actual label input in the network. -Cumomers that are independent of the ''observed'' cumomers (these ''observed'' cumomers are bonded cumomers corresponding to NMR detected metabolites [7] ), i.e. which are never involved in the time-evolution of ''observed'' cumomers and of any of their precursors.
On the contrary, any cumomer that evolves through time and is involved at some point in the generation of an ''observed'' cumomer or one of its precursors has to be considered. Retaining only these cumomers and eliminating the others allows reducing the total size of the system without any loss of information regarding the final result, but with the benefit of reducing computational time and of making the system easier to read for the human eye.
The required cumomers are determined in two steps. First, an ''ascending'' analysis, starting from the observed cumomers, allows the recursive determination of all precursor cumomers. This yields the minimal list L R of cumomers and equations required to describe the timeevolution of observed cumomers. Second, a ''descending'' analysis simulates the label flowing from a given set of substrates throughout the network, allowing the determination of cumomers that are actually not generated and remain constant for the considered set of substrates, which can consequently be eliminated from L R as determined previously in the ascending analysis. The algorithm described in ''General Algorithm for Automatic Generation of Equations'' section is then used to generate differential equations automatically. As a result, only differential equations for cumomers belonging to L R are generated, the other cumomers being replaced by 0.011 n whenever they appear as a source term on the right side of a differential equation. This yields a system with a reduced number of variables and equations that is sufficient to describe completely the NMR-detectable information for a given set of infused substrates. The above algorithms were implemented in Matlab (The MathWorks, Inc., Natick, MA). Two equation files are generated: an explicit text file which can be understood by a human operator (with the metabolite names and carbon positions explicitly identified); and another in a format that can be used by Matlab routines for solving differential equation systems (such as ode15s), where all cumomers appear as the elements of a vector of cumomers y.
Fitting of In Vivo Data and Fast Screening of Various Metabolic Models
Automatic generation of equations enables fast screening of metabolic models that would otherwise require a very lengthy and error-prone manual implementation, even for a simple modification such as adding a single metabolic pool. In this section, we demonstrate how this new tool can be used to quickly evaluate new metabolic models, starting with a two-compartment model currently used in the literature.
We tested four different models as described below. Each model was used to fit the same magnetic resonance spectroscopy (MRS) brain data acquired during continuous [1, [6] [7] [8] [9] [10] [11] [12] [13] C 2 ]glucose infusion in rats [4] . The fitted data was the summed time course from 5 animals obtained under alphachloralose anesthesia. Each isotopomer curve was normalized by the mean of its last 4 points and scaled using information from spectra from brain extracts at the end point. More precisely, total carbon resonance curves were scaled using the fractional enrichment at the end point. Individual isotopomer curves within each multiplet were then scaled individually to match the relative contribution (area) of each component to that multiplet at the end point. Finally, those curves were converted to 13 C concentrations curves by multiplying by 10 and 4 lmol/g for total glutamate and glutamine respectively [16, 17] . Glial glutamate was set to 1 lmol/g and the balance was split between neuronal and vesicular glutamate. After initial fitting with a model including vesicular glutamate (model 3), vesicular glutamate was set to 1.5 lmol/g, leaving 7.5 lmol/g for neuronal (cytoplasmic) glutamate (total glutamate = 10 lmol/g). Glutamine was separated between glia and neurons in a 1:7 ratio (i.e. neuronal glutamine = 0.57 lmol/g and glial glutamine = 3.43 lmol/g). The glucose input function was modeled as a linear function rising from 0 to 0.66 over the first minute of infusion and kept constant at 0.66 thereafter, closely matching the plasma glucose enrichment measured experimentally. The lactate input function was modeled as a linear function rising from 0 to 0.35 over 7 h, matching the value of plasma lactate enrichment measured experimentally at the end point after 7 h of glucose infusion. Furthermore, to minimize the introduction of bias by using isotopomer curves with low signal-to-noise, only curves with an endpoint 13 C concentration greater than 1.0 lmol/g were used. The fitted time courses were: Glu4Total, Glu4S, Glu4D34, Glu3Total, Glu3D, Glu3T, Glu2Total, Glu2S, Glu2D23, Gln4S, Gln4Total, Gln3Total, Gln2Total (13 curves). Fit quality was assessed using the mean squared error of the fit residuals for each individual curve as well as for all curves taken together. The precision for each flux was obtained by performing Monte-Carlo simulation over 500 draws. Random Gaussian noise was added to the initial fit of each curve. The noise level added to each curve was determined by performing a linear fit over the last quarter of the corresponding time course data and calculating the standard deviation of the residuals.
A Traditional Model Used for 13 C MRS Data Analysis: Model 1
The two-compartment model adapted from [18] (cf. Figure 2) describes the sequential labeling of NMR visible glutamate and glutamine that can be separated between neuronal and astrocytic labeling. Both compartments contain a TCA cycle (V TCA-A and -N , for astrocytes and neurons respectively) and are linked via the glutamateglutamine cycle exchange depicting neurotransmission (V NT ). An additional entry point of the astrocytic TCA cycle is the pyruvate carboxylase reaction (V PC ). The system uses a glucose influx distributed between neurons and astrocytes, an astrocytic glutamine efflux and a neuronal aspartate exchange with OAA (with aspartate assumed to be primarily neuronal). The exchange rate V X between alpha-ketoglutarate and glutamate is assumed to be identical in both compartments. Supporting that assumption, we found that fitting separate V X fluxes in neurons and astrocytes has minimal effect on fit quality (data not shown). A lactate dilution flux (Vdil Lac ) accounts for exchange of labeled lactated with lactate from the blood. An additional glutamine dilution (V gln-dil ) accounts for the lower enrichment in glutamine C4 relative to glutamate C4 [7] .
This model (Model 1) translates into a set of 266 equations and is reduced to 117 equations after ascending and descending analysis in the case of [1, [6] [7] [8] [9] [10] [11] [12] [13] C 2 ]glucose infusion and detection of glutamate and glutamine C4, C3 and C2.
Best fits for glutamate and glutamine with Model 1 showed obvious discrepancies between the best fits and the data (Figs. 3, 4, dotted lines) . The GLU4Tot (total glutamate labeled at the C4 position) and GLU4S (glutamate C4 singlet) curves were largely underestimated in the latter part of the curves, and the GLU4D43 (glutamate C4 doublet) curve was imperfectly fitted as well (Fig. 3a, dotted lines). Best fits for glutamate C3 (Fig. 3b, dotted lines) closely approximated data, but small systematic deviations (*0.2 lmol/g) were still noticeable. Similar to glutamate C4 curve, GLU2Tot and GLU2S curves were underestimated in the latter part of the time courses (Fig. 3c, dotted  lines) . Finally, the GLN4Tot curve was clearly overestimated (Fig. 4a, dotted lines) , while the GLN2Tot and GLN3Tot curves were underestimated ( Adding a vesicular glutamate had a drastic effect on V X estimation, giving a much lower value and reducing its uncertainty (Models 3 and 4). Addition of separate dilution fluxes in neurons and astrocytes yielded a much higher dilution in astrocytes than in neurons. In Model 4, most of the dilution occurred through lactate, with a very small residual glutamine dilution flux astrocytes, as reported in [21, 23, 24 ]. This second model can be described using a total of 119 equations after simplification.
There was no significant improvement in fit quality between Models 1 and 2, as indicated by the mean squared error of fit residuals (Fig. 6) (best fits not shown) . The mean squared error was similar with both models, 0.65 (lmol/g) 2 with Model 1 and 0.67 (lmol/g) 2 for Model 2 (Fig. 6) . Nonetheless, Model 2 gave a higher lactate dilution flux in astrocytes than in neurons (Fig. 5d, grey bars) , consistent with previous results by Jeffrey et al.
[23] and consistent with astrocytes being located closer to blood vessels than neurons.
Adding a Vesicular Glutamate Pool: Model 3
Another biologically relevant modification to the model is the addition of a vesicular glutamate pool separate from the cytosolic glutamate pool. This addition led to a new set of 128 differential equations. The mean squared error for fit residuals showed that Model 3 resulted in a marked improvement in the fits of experimental curves compared to Models 1 and 2, especially for glutamate C4 and glutamate C2 curves, while the fits for glutamate C3 became worse (Fig. 6 , light grey bars versus black bars).
Interestingly, simulations showed that the overshoot in the GLU4S curve was strongly dependent on the size of the vesicular glutamate pool (see Fig. 7 ). As the size of the vesicular pool increases, the overshoot becomes less pronounced, consistent with labeling of part of the glutamate pool (the vesicular pool) being slightly delayed. When fitted as a free parameter, the vesicular glutamate pool size was estimated at 1.5 lmol/g. This value was subsequently used for both Models 3 and 4. The mean squared error for all fitted curves dropped by half from 0.65 to 0.34 (lmol/ g) 2 when fitting with Model 3 compared to Model 1 (Fig. 6b) .
The estimated value and standard deviation for V X were much lower with Model 3 than with Models 1 and 2, while the model returned a higher neurotransmission rate, higher The square of the difference between experimental data and best fit was summed over the whole time-course, and divided by the number of time-points (N = 73) to derive an error independent of the total time course duration pyruvate/lactate dilution and a greater difference between TCA cycle rates in neurons and astrocytes (Fig. 5) .
Combining Both Changes: Model 4
Combining addition of vesicular glutamate and separate pyruvate pools in neurons and astrocytes resulted in Model 4, described by 130 differential equations. This model yielded the best fits of all four models (Figs. 3, 4 , solid lines) and the lowest overall mean squared error [0.28 (lmol/g) 2 , Fig. 6b ]. It retained the improvements for the fits of GLU2 and GLU4 curves obtained with Model 3, while also mitigating the greater error for GLU3 introduced with that model (Fig. 6a, white bars) . Best fits for glutamate C4 curves with Model 4 were excellent (Fig. 3a, solid lines) , with only very small overestimation of the early part the GLU4D43 curve and very small underestimation of the GLU4S curve. Best fits for GLU2 curves (Fig. 3c , solid lines) and for glutamine (Fig. 4 , solid lines) were also very good and much improved compared to Model 1. Best fits for glutamate C3 were acceptable, although small systematic deviations from the data (on the order of 0.2 lmol/g) were apparent for all three curves (Glu3Tot, Glu3S, Glu3D43) (Fig. 3b, solid lines) .
Looking at the values of fitted metabolic fluxes (Fig. 5 , white bars), the neuronal TCA cycle rate was larger with Model 4 (0.6 lmol/g/min) than with Model 1 (0.4 lmol/g/ min), while the astrocytic TCA cycle rate was lower (0.15 vs. 0.2 lmol/g/min), resulting in a higher V TCA-N /V TCA-A ratio (4:1 vs. 2:1). The neurotransmission rate V NT was tenfold higher with Model 4 than Model 1 (Fig. 5b) , illustrating the large sensitivity of this flux to changes in the metabolic network [18] . Overall lactate dilution was much increased with Model 4 compared to Model 1 (Fig. 5c) , and lactate dilution was again higher in astrocytes than in neurons (Fig. 5d) . In contrast, the glutamine dilution flux was much lower than with Model 1. Finally the V X flux had a much lower value and better precision than with Model 1 (Fig. 5a ).
Discussion
The new approach presented here allows quick implementation of any two-compartment model (or even models with more compartments) to fit any number of 13 C NMR isotopomer curves simultaneously. With this approach, modifications in the metabolic model can be implemented in a matter of minutes. This is significant because of implementation of complex multi-compartment brain models capable of fitting 13 C isotopomer curves has been the main roadblock to fitting such data and harnessing the additional information available from them. Largely because of this obstacle, only one previous study has reported fitting of isotopomer curves in the brain [23] . Moreover, in that study, only two isotopomer curves were fitted (GLU4S and GLU4D43), again because of the difficulty of implementing a model capable of fitting more curves.
Compared with manual implementation, the ability to automatically derive the equations not only saves a lot of time, but also greatly reduces the risk of error. The versatility of the algorithm also permits implementation of different infusion protocols, such as simultaneous infusion of [1, [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] C 2 ]acetate and [1,6-13 C 2 ]glucose [5] . Finally, for the models used in this study, the automatic reduction in the number of equations (by eliminating equations for cumomers not labeled or not contributing to the measured signals) resulted in a fourfold decrease in the execution time, which is particularly beneficial for Monte-Carlo simulations.
The more curves are fitted, the more information is available to the model, which provides more experimental constraints for the fit. The new approach allowed us to fit for the first time a high number of brain 13 C isotopomer curves simultaneously, and to rapidly test two variations in the ''classic'' two-compartment model: separate pools for astrocytic and neuronal pyruvate, and addition of a vesicular glutamate pool. Results show that even seemingly small changes in the model can result in large variations in the fitted fluxes. For example, V NT varied nearly tenfold between Models 1 and 4, suggesting that this flux is particularly sensitive to changes in the metabolic network. Dilution fluxes Vdil Lac and V gln-dil were also affected.
Addition of a vesicular pool provided the biggest improvement in fit quality, as judged by the drop in overall fit residuals. In addition, we observed that the precision on V X improved significantly when the vesicular pool was added, although the reason for this is not clear. Because the size of the vesicular pool has a significant impact on GLU4 and GLU2 curves, we were able to estimate the size of the vesicular pool as a free parameter rather than using literature values.
Of note, some studies in the 1990s have suggested that glutamate could be partially invisible, particularly under non-physiological conditions [25-27], either ''MR-invisible'' because of short T 2 [25] or '' 13 C-invisible'' because of a metabolically inactive pool or a pool with a very low turnover rate [26, 27] . In the present study, as in nearly every previously published 13 C metabolic study, we assumed that glutamate is 100 % '' 13 C-visible''. That assumption is supported by the fact that we found very similar fractional enrichment of glutamate in brain extracts at the end point using 1 H{ 13 C} MRS and using direct 13 C MRS with isotopomer analysis (results not shown), ruling out the existence of a glutamate pool that would be '' 13 C-invisible'' because of a low turnover rate. In addition, we also assumed, as in most studies, that glutamate is 100 % ''MR-visible''. While the above-mentioned study [25] suggested glutamate could be partially MR-invisible using 1 H MRS, to our knowledge there has been no report of partial MR-invisibility of glutamate when using direct 13 C MRS detection. However, that possibility cannot be completely ruled out.
Adding separate pyruvate dilution fluxes for neurons and astrocytes did not result in such a dramatic improvement in fit quality, although it yielded the best fits when combined with the additional glutamate pool (Model 4). Interestingly, the Vdil Lac flux was much higher in astrocytes than in neurons, as in the earlier study by Jeffrey et al. [23] . This higher dilution in astrocytes is consistent with the fact that astrocytes are in direct contact with the blood through the blood-brain barrier. Therefore, dilution of label through exchange with unlabeled lactate is more likely to occur in astrocytes. Another possibility is label dilution through uptake of acetate or ketone bodies directly into Acetyl-CoA through acetate synthetase (Fas). When Fas was added as a free parameter in model 4, we found that the value of Fas was very small (10 -6 lmol/g/min) and there was no noticeable improvement in the fits. This is consistent with net uptake of acetate or ketone bodies into the brain being very small under physiological conditions due to their low plasma concentration.
The TCA cycle rates found in this study suggest a neuronal oxidative phosphorylation up to 6 times the one in astrocytes. This is in agreement with the ratios found in literature with the highest reported of 9.5 [28] and the lowest of 1.9 [21]. Other fluxes (V PC , V NT , V X ) were also broadly in agreement with those found in literature [19] [20] [21] [22] .
Another striking observation is the dramatic decrease in the glutamine dilution flux observed with Model 4. A glutamine dilution flux (which is added to the glutamine efflux equal to V PC ) was used in several studies [7] to account for the lower enrichment of Gln-C4 compared to Glu-C4 at isotopic steady-state. However a recent study suggested that a glutamine dilution flux could account for at most 20 % of the glutamine C4 dilution [29] . Consistent with this, in Model 4, dilution through Vdil LacA is able to account for most of the dilution of Gln-C4 relative to Glu-C4, with only a small residual glutamine dilution flux. Similarly, Vdil LacN accounts for most of the *25 % dilution of glutamate C4 labeling relative to its precursor. Therefore Model 4 needs only two dilution fluxes (Vdil LacA and Vdil LacN ) to account for label dilution. Note, however, that Model 4 is only one possible metabolic model, and dilution of 13 C label could conceivably be modeled differently from other sources.
Although fit quality greatly improved with changes in the model, particularly with the addition of a vesicular pool, some of the curves remained imperfectly fitted. For example, glutamate C3 curves were still not perfectly fitted (Fig. 3b) , suggesting that even Model 4 is still incomplete. Note that the high quality of the experimental data used in the present study (high signal-to-noise ratio, long duration) increased the likelihood to detect potential discrepancies between the model and the data. Metabolic modeling studies generally fit data with lower signal-to-noise and shorter duration, making it less likely to detect such discrepancies.
Several explanations can be proposed for these remaining imperfections in the fit:
-Metabolic models remain a greatly simplified representation of complex brain metabolism. For example, only two cell types are considered (neurons and astrocytes), whereas many more cell types are present in brain tissue. -Sources of label may be incompletely accounted for.
Although we took labeled blood lactate into account as a source of label, many other blood-borne molecules could also enter brain metabolism. -There could be a small bias in quantification. Any quantification method is prone to bias, and an error in the order of 0.2 lmol/g is a possibility.
Other models have been proposed with more than two compartments [30, 31] and could be implemented using the present methodology, potentially improving fit quality.
We would like to emphasize that the point of the paper was not to solve all imperfections in current metabolic models. Rather, our goal was to demonstrate (1) that metabolic models currently used in metabolic modeling are not sufficient to fit all isotopomer curves perfectly, (2) that additions to the metabolic network lead to significant improvements in the fit, and (3) that the programs we have developed allow great flexibility in testing different metabolic models to fit dynamic isotopomer curves, and therefore fill an important unmet need in the field of 13 C metabolic modeling.
Conclusion
In this work, we present a method that allows rapid implementation of multi-compartment models capable of fitting any number of 13 C isotopomer curves. The MATLAB implementation of this method is available upon request. Using this approach, we report for the first time fitting of a large number of isotopomer curves in the brain in vivo with a two-compartment astrocyte-neuron model. The new approach also permitted quick assessment of the effect of changes in the metabolic network on fit quality and on the values of estimated fluxes. Adding separate pyruvate dilution in neurons and astrocytes, and adding a vesicular glutamate pool, led to significantly better fit quality and improved stability of the V X flux. Dilution of label was much more pronounced in astrocytes than in neurons. In addition, with the most complete model, most of this dilution occurred before entry of label into the TCA cycle. 
